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Preface

The Internet is a massive global network of over 700 million users and it is adding
users at the rate of 300,000 per day. This large, distributed, and everchanging
network poses a challenge to researchers: How does one study, model, or under-
stand such a decentralized, constantly evolving entity? Research in large-scale
networks seeks to address this question, and the unique nature of these networks
calls for a range of techniques from a host of disciplines. The workshop Combi-
natorial and Algorithmic Aspects of Networking and the Internet (CAAN 2004)
provided a forum for the exchange of ideas on these topics.

The primary goals of the workshop were to bring together a diverse cross-
section of researchers in an already scattered and distinct community and also
to provide a snapshot of the cutting-edge research in this field. We succeeded in
these goals: among the participants were mathematicians, computer scientists
in theory and algorithms, computer scientists in networks, physicists, and engi-
neers, as well as researchers from Europe and North America, participants from
industry and academia, students, and established researchers; and among the
papers were some new and surprising results as well as some introductions to
the foundations of the field.

The workshop program featured 12 peer-reviewed papers bracketed by two hour-
long invited survey talks—an opening talk by Ashish Goel and a closing talk by An-
drei Broder. Topics covered by the talks ranged from the Web graph to game theory
to string matching, all in the context of large-scale networks. This volume collects
together the talks delivered at the workshop along with a number of survey articles
to round out the presentation and give a comprehensive introduction to the topic.

We were fortunate to be given the opportunity to hold the conference as a
two-day workshop at the Banff International Research Station for Mathematical
Innovation and Discovery, BIRS. The breathtaking and inspiring setting and am-
ple amenities contributed greatly to the success of the workshop. Attendance at
BIRS is by invitation only and we had 24 participants at CAAN 2004. The small
number of participants facilitated an intimate atmosphere perfect for generating
discussions and initiating collaborations.

We would like to thank the Steering Committee for their guidance, and the
Program Committee for their diligent work in reviewing the papers and selecting
an excellent and balanced program. Special thanks goes to the organizational
team at BIRS, especially Andrea Lundquist and Jackie Kler who made our job
easy. We also thank Chris Taylor (http://photos.t-a-y-l-o-r.com) who graciously
gave us permission to use the photographic artwork on the workshop poster.
Finally, of course, we thank all the participants whose enthusiasm and support
made CAAN 2004 a success and encouraged us to offer the workshop again.

CAAN 2005 will be held in August 2005 in Waterloo, Ontario, Canada as a satel-
lite workshop of the Workshop on Algorithms and Data Structures (WADS 2005).

April 2005 Angele Hamel and Alejandro Lépez-Ortiz
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Aggregating Correlated Data in Sensor Networks

M. Enachescu!, A. Goel!, R. Govindan?, and R. Motwani!

1 Stanford University, California, USA
2 University of Southern California, California, USA

Abstract for Invited Presentation. Consider a network where each node
gathers information from its vicinity and sends this information to a centralized
processing agent. If the information is geographically correlated, then a large sav-
ing in data transmission costs may be obtained by aggregating information from
nearby nodes before sending it to the central agent. This is particularly relevant
to sensor networks where battery limitations dictate that data transmission be
kept to a minimum, and where sensed data is often geographically correlated.
In-network aggregation for sensor networks has been extensively studied over
the last few years. In this paper we show that a very simple opportunistic ag-
gregation scheme can result in near-optimum performance under widely varying
(and unknown) scales of correlation.

More formally, we consider the idealized setting where sensors are arranged
on an N x N grid, and the centralized processing agent is located at position
(0,0) on the grid. We assume that each sensor can communicate only to its
four neighbors on the grid. This idealized setting has been widely used to study
broad information processing issues in sensor networks. We call an aggrega-
tion scheme opportunistic if data from a sensor to the central agent is always
sent over a shortest path, i.e., no extra routing penalty is incurred to achieve
aggregation.

To model geographic correlations, we assume that each sensor can gather
information in a % X % square (or, a circle of radius k/2) centered at the sensor.
We will refer to k as the correlation parameter. Let the set A(z) denote the
area sensed by sensor i. If we aggregate information from a set of sensors S then
the size of the resulting compressed information is I(S) = ||J,cs A(z)|, i.e., the
size of the total area covered by the sensors in S. Often, the parameter k can
depend on the intensity of the information being sensed. For example, a volcanic
eruption might be recorded by many more sensors and would correspond to a
much higher k than a campfire. Accordingly, we will assume that the parameter
k is not known in advance. In fact, we would like our opportunistic aggregation
algorithms to work well simultaneously for all k.

There are scenarios where the above model applies directly. For example, the
sensors could be cameras which take pictures within a certain radius, or they could
be sensing RFID tags on retail items (or on birds which have been tagged for en-
vironmental monitoring) within a certain radius. Also, since we want algorithms
that work well without any knowledge of k, our model applies to scenarios where
the likelihood of sensing decreases with distance. Thus, we believe that our model

A. Lépez-Ortiz and A. Hamel (Eds.): CAAN 2004, LNCS 3405, pp. 1-2, 2005.
© Springer-Verlag Berlin Heidelberg 2005



2 M. Enachescu et al.

(optimizing simultaneously for all k) captures the joint entropy of correlated sets
of sensors in a natural way for a large variety of applications.

For node (i, j), we will refer to nodes (i—1, j) and (%, j—1) as its downstream
neighbors, and nodes (:+1, 5) and (%, j + 1) as its upstream neighbors. We would
like to construct a tree over which information flows to the central agent, and gets
aggregated along the way. Since we are restricted to routing over shortest paths,
each node has just one choice: which downstream node to choose as its parent
in the tree. Each node aggregates the information it sensed locally with any
information it received from its upstream neighbors and sends it on to one of its
downstream neighbors. The cost of the tree is the total amount of (compressed)
information sent out over links in the tree.

Our Results: We propose a very simple randomized algorithm for choosing the
next neighbor — node (%, 5) chooses its left neighbor with probability i/(i+j) and
its bottom neighbor with probability j/(i + j). Observe that this scheme results
in all shortest paths between (i,5) and (0,0) being chosen with equal proba-
bility. We prove that this simple scheme is a constant factor approximation (in
expectation) to the optimum aggregation tree simultaneously for all correlation
parameters k. While we construct a single tree, the optimum trees for different
correlation parameters may be different. The key idea is to relate the expected
collision time of random walks on the grid to scale free aggregation.

Our results hold only for the total cost, and critically rely on the fact that
information is distributed evenly through the sensor field. This result shows that,
at least for the class of aggregation functions and the grid topology considered
in this paper, schemes that attempt to construct specialized routing structures
in order to improve the likelihood of data aggregation are unnecessary. This is
convenient, since such specialized routing structures are hard to build without
some a priori knowledge about correlations in the data. With this result, simple
geographic routing schemes or tree-based data gathering protocols are sufficient.



The Efficiency of Optimal Taxes

George Karakostas!'* and Stavros G. Kolliopoulos? **

1 Department of Computing and Software, McMaster University
karakos@mcmaster.ca
2 Department of Informatics and Telecommunications,
University of Athens and Department of Computing and Software,
McMaster University
www.cas.mcmaster.ca/” stavros

Abstract. It is well known that the selfish behavior of users in a network
can be regulated through the imposition of the so-called optimal tazes on
the network edges. Any traffic equilibrium reached by the selfish users
who are conscious of both the travel latencies and the taxes will minimize
the social cost, i.e., will minimize the total latency.

Optimal taxes incur desirable behavior from the society point of view
but they cause disutility to the network users since the users’ total cost
is in general increased [4]. Excessive disutility due to taxation may be
undesirable from the societal perspective as well. In this work we examine
the efficiency of taxation as a mechanism for achieving the desired goal
of minimizing the social cost. We show that for large classes of latency
functions the total disutility due to taxation that is caused to the users
and/or the system is bounded with respect to the social optimum. In
addition, we show that if the social cost takes into account both the
total latency and the total taxation in the network, the coordination
ratio for certain latency functions is better than the coordination ratio
when taxation is not used.

1 Introduction

In the selfish routing setting, we are given a directed network G = (V, E) and a set
of k classes of users (commodities), each with its own origin and destination, and
with a fixed total demand (traffic) rate per class d; > 0, i = 1,..., k. Individual
users are thought as carrying each an infinitesimal amount of a commodity. We
are also given a nonnegative latency function [p describing the delay experienced
by users wishing to travel on the path P as a function of the total flow through
the edges of the path. In this work we assume that the additive model holds,
i.e., for every edge e there is a latency function l.(f.) that describes the latency
on this edge due to the flow f. that crosses it. Then the latency for a path is
defined as Ip(f) := D_.cple(fe). Each user tries to selfishly route his flow so
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that his path cost is minimized. A traffic equilibrium is an assignment of traffic
to paths so that no user can unilaterally switch her flow to a path of smaller
cost. Wardrop’s principle [16] for selfish routing postulates that

at equilibrium, for each origin-destination pair, the travel costs on all
the routes actually used are equal, or less than the travel costs on all
nonused routes.

A widely used measure of the network performance is the social cost (or total
latency), defined as Zpath p fPlP(f) = Y ecg fele(fe) for a flow f that routes
fp units of traffic through path P. Although it must obey Wardrop’s principle
at equilibrium, the unregulated choice of paths by individual users may incur
a social cost which in general can be higher than the social optimum. In fact
the latency of an equilibrium can be arbitrarily larger than the social optimum
[14]. A classic way of dealing with this problem is the introduction of taration
on the edges of the network, so that the users’ path cost has both a travel time
and a budgetary component. Without taxation, users experience only their own
traffic delay as their cost. With taxation users are also charged for the right to
use a path. This technique has been studied by the traffic community for a long
time (cf. [5] and the references therein), especially in the context of marginal
costs (see, for example, [2],[8],[15]). Each selfish user of class ¢ using path P will
experience the following path cost:

path cost(P) := latency(P) + a(i) - taxation(P).

The taxation(P) is the sum of taxes along the edges of the path. The factor
a(i) > 0, denotes the sensitivity of user class i to the taxes. In the homogeneous
case all user classes have the same sensitivity to the taxation (i.e. a(¢) = 1, for
all ¢), while in the heterogeneous case a(z) can take different positive values for
different classes. Through edge taxation, we would like to force all equilibria on
the network to induce flow that minimizes the social cost 3, 5z fele(fe). We refer
to a set of edge taxes that achieves this as optimal tazes. In the homogeneous
case, marginal costs have been shown (cf. [2],[8],[15]) to be optimal taxes. In
the heterogeneous case, the existence and calculation of such optimal taxes were
shown for the single source-destination pair case by Cole et a. [5], and were later
extended to the multicommodity setting in [9, 11].

Designing optimal taxes is a classic instance of mechanism design, a central
topic in game theory (see, e.g., [13]). A set of outcomes is fixed (here achieving
the social optimum) and users are paid or penalized, (here they pay taxes) in
order to achieve the desired outcome in equilibrium. One can actually see the
taxation cost in two different contexts. One is the context already discussed,
which is as monetary cost. The other is to see the tax for every edge as part of
the edge latency function itself. Then, instead of taxation, we can speak about
artificial delays introduced possibly at the entrance of each edge, in order to
minimize the total amount of time users actually spend on the edges themselves.
For example, this is the technique used at some highway exits, where traffic
lights have been installed in order to better control traffic. Whatever the context
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though, taxation increases in general the user cost, as was shown in [4] for the
case of marginal cost taxes. The natural question that arises is whether taxes are
an efficient mechanism for achieving the desired result. Is the additional disutility
caused through taxation proportionate to the desired goal, i.e., a routing that
minimizes the total latency? In this paper we tackle this problem by comparing
the social cost of the traffic equilibria when taxation is used against (i) the social
optimum without taxation and (ii) the social optimum when taxation is taken
into account.

In Section 4 we show that in the homogeneous case the ratio of social cost at
equilibrium with taxation to the social optimum without taxation is not much
bigger than the worst case ratio without any taxation for many important fami-
lies of latency functions, like linear or low-degree polynomial ones. In particular
for strictly increasing linear latency functions we show that, if b is the vector of
optimal edge taxes (in this case, the marginal cost taxes),

T f2le(f2) +b0)
Yo fele(f) T

for any equilibrium flow f* and flow f that achieves the social optimum. This
bound is tight, and is not far from the 4/3 upper bound on the coordination
ratio in the case without taxes, shown by Roughgarden and Tardos [14]. The
coordination ratio p was defined by Koutsoupias and Papadimitriou in [12] as

follows
Y. fele(fe)

pi=sup ==———-

I Ze fele(fe)

for the worst case (in terms of social cost) equilibrium f*, and f as before.
Hence we show that with a small increase in network inefficiency, we achieve, at
equilibrium, a flow pattern that minimizes the total latency of the users. Note
that, in principle, the tax b, on an edge e could be very big compared to the
latency part l.() of the edge cost function. Hence it is rather surprising that
taxation does not drive the social cost further than a small constant factor away
from the social (without taxation) optimum.

This approach in bounding the inefficiency of taxation as a mechanism to
achieve minimum social cost is influenced by the notion of coordination mecha-
nisms. This concept was recently introduced by Christodoulou, Koutsoupias and
Nanavati [3]. Informally speaking a coordination mechanism is a cost function
experienced by the users, chosen from a family of possible cost functions called a
coordination model. The measure of the efficiency of a coordination mechanism
is the supremum over all possible demand sets of the ratio of the social cost of
the worst-case equilibrium to the social optimum achieved with the original cost
function. See [3] for the precise mathematical definitions. Note that in our work
the demands are fixed.

Proving that taxation incurs a small increase to the cost of an equilibrium
compared to the social optimum without taxation is a satisfying result. However
it is possible that once taxes are imposed by some central authority they are
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considered to be part of the social cost. In other words taxation may incur
disutility to society as a whole. To address this issue, we compare the worst-case
cost with taxation of an equilibrium against the social optimum with taxation.
In other words we consider the coordination ration in the standard sense [12] of
the game with taxes. In Section 3 we show that, for certain families of strictly
increasing and continuous latency functions (like linear or polynomial ones),
the coordination ratio of the network actually decreases when optimal taxes are
introduced. In particular for the linear latency functions case, we show that

S f20e(f2) +be) 5
Yoo felle(fe) +0e) — 4

for any equilibrium flow f* and social optimum f when taxes b are used in
both cases. This is significantly better than the 4/3 bound of [14] for general
linear functions. The gap between 4/3 and 5/4 quantifies the beneficial effect of
taxation on the behavior of the selfish users, specifically the reduction in their
resistance to coordination. Our bound holds for heterogeneous users as well, and
its proof is based on the definition of the parameter 8(L£) for a family of functions
L by Correa, Schulz and Stier Moses [6].

The two results in combination show that imposing the optimal taxes on a
selfish routing game not only yields a game with better coordination ratio, but
also the added disutility to the users is bounded with respect to the original
system optimum. In addition we emphasize that our two approaches together
provide a stronger guarantee on the worst-case cost of an equilibrium with tax-
ation than each one of them taken separately. For a given tax vector b, let f be
the social optimum with taxation and f be the social optimum without taxa-
tion. There does not seem to be any a priori information about which of the two
quantities

%Zfe(le(ﬁ)we), 23 fele(fe)

is smaller.

2 The Model

Let G = (V, E) be a directed network (possibly with parallel edges but with no
self-loops), and a set of users, each with an infinitesimal amount of traffic (flow)
to be routed from an origin node to a destination node of G. Moreover, each user
o has a positive taz-sensitivity factor a(a) > 0. We will assume that the tax-
sensitivity factors for all users come from a finite set of possible positive values.
We can bunch together into a single user class all the users with the same origin-
destination pair and with the same tax-sensitivity factor; let & be the number
of different such classes. We denote by d;, P;, a(i) the total flow of class i, the
flow paths that can be used by class 7, and the tax-sensitivity of class i, for all
i1 =1,...,k respectively. We will also use the term ‘commodity ¢’ for class i. Set
P = U;=1,.. kPi. Each edge e € E is assigned a latency function l.(f.) which
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gives the latency experienced by any user that uses e due to congestion caused by
the total flow f. that passes through e. In other words, as in [5], we assume the
additive model in which for any path P € P the latency is Ip(f) = Y_.cp le(fe)s
where f. =) 5 p fp and fp is the flow through path P. If every edge is assigned
a per-unit-of-flow tax B > 0, a selfish user in class 7 that uses a path P € P;
experiences total cost of

PRACARTIODIN:A

ecP eeP

hence the name ‘tax-sensitivity’ for the a()’s: they quantify the importance each
user assigns to the taxation of a path.
Let f be a flow that satisfies the users’ demands and minimizes the social

cost 3 e fele(fe) = 225 ZPE'P@ felp(f), ie., f is a solution of the following
mathematical program:

min »  fele(fe) st (MP)
ecE
Z fp=4d; Vi
PeP;
fe = Z fP Vec FE
PeP:eeP
fp=0 VP

Note that, although in certain cases (e.g. when the latency functions [, are
convex) the flow f can be computed efficiently, for more general latency functions
it may be extremely difficult to compute f (see Section 4 in [5]). We will assume
that such an f exists and that it induces finite latency on every edge.

A function g(z) is positive if g(z) > 0 when z > 0. We assume that the
functions I, are strictly increasing, i.e., > y > 0 implies l.(z) > l.(y), and
that [.(0) > 0. This implies that l.(f.) > 0 when f. > 0, i.e., the function [, is
positive. Similar assumptions on monotonicity are made in [5].

Let

K:={f:0<fp,YP A > fp=d;,Vi}
PeP;

be the set of all flows that satisfy the users’ demands.
Definition 1. A flow f is called feasible iff f € K.

A traffic (or Wardrop) equilibrium is a feasible flow f* € K such that
(T(f*),f - f*) 20, ¥f € K. 1)

where (-,-) denotes the inner product, and Tp(f) is the function that gives the
generalized cost of a user that uses path P when the network flow is f.



